When a 400-m walk test with time constraint (in 15 minutes) is administered, analysis of the associated 400-m gait speed can be challenging because some older adults are unable to complete the distance in time (noncompleters). A simplistic imputation method is to calculate the observed speeds of the noncompleters as the partially completed distance divided by the corresponding amount of elapsed time as an estimate of gait speed over the full 400-m distance. This common practice has not been validated to the best of our knowledge. We propose a Bayesian multiple imputation (MI) method to impute the unobserved 400-m gait speed for noncompleters. Briefly, MI is performed under the assumption that the unobserved 400-m gait speed of noncompleters is left-censored from a normal distribution. We illustrate the application of the Bayesian MI method using longitudinal data collected from the Lifestyle Interventions for Elders (LIFE) study. A simulation study was performed to assess the bias in estimation of the mean 400-m gait speed using both methods. The results indicate that the simplistic imputation method tends to overestimate the population mean, whereas the Bayesian MI method yields minimal bias as the sample size increases. J Am Geriatr Soc 65:2566-2571, 2017.
A s an objective assessment for mobility, the 400-m walk test has gained in popularity given its relationship to cardiovascular fitness and important outcomes. [1] [2] [3] Despite the growing popularity of this measure, a challenge that arises in analysis of these data is that not all older adults are capable of walking 400-m. For example, in the Lifestyle Interventions for Elders (LIFE) study, older adults were asked to complete the 400-m walk in 15 minutes or less without assistance. 4 Loss of this capacity was defined as major mobility disability (MMD). Over a mean follow-up of 2.6 years, approximately 20% of participants were unable to complete the 400-m walk (noncompleters) at some point.
One approach to addressing this problem has been to use the gait speed achieved over whatever distance was completed. 5 That is, the observed gait speed for noncompleters is calculated as the partially completed distance (<400 m) over the corresponding amount of elapsed time and used as a substitute for 400-m gait speed. This, in essence, is a single imputation of the unobserved 400-m gait speed by carrying forward the speed during the partially completed distance to the portion of the 400-m walk that was not completed. We refer to this method as the simplistic imputation approach. To our knowledge, the legitimacy of this procedure has never been validated despite the fact that these imputed values do not represent the true 400-m gait speed.
A compelling alternative is to use multiple imputation (MI), an approach frequently used for handling missing data, 6 but the unobserved 400-m gait speeds of the noncompleters are not missing at random (MAR), hence excluding the standard imputation approaches available in commercial software packages that typically assume MAR. In the case of the LIFE study, it seems highly probable that the unobserved 400-m gait speeds of noncompleters are less than those of the participants who completed the 400-m walk in 15 minutes or less. Namely, a lower limit (400 m/15 min (0.44 m/s) in the LIFE study) constrains the unobserved 400-m gait speed. This type of data is referred to as left-censored data. When the lower censoring limit is fixed and known, we propose a Bayesian MI method to impute the unobserved 400-m gait speed for the noncompleters. 7 In this study, we used the simplistic imputation and the Bayesian MI methods to analyze the longitudinal data on the 400-m walk from the LIFE study. This approach is consistent with recommendations to perform multiple sensitivity analyses to explore how different assumptions about missing outcomes may alter conclusions from clinical trials. 8 The bias in estimation of mean 400-m gait speed using both methods is compared using a simulation study.
METHODS

Data Source
The LIFE study was a multicenter clinical trial that contrasted the effects of a physical activity (PA) intervention with those of a health education (HE) control program on MMD. 3 It was designed to target older adults (70-89) who were sedentary and at risk of mobility disability. Participants (N = 1,635) were randomized to PA or HE. Details of the LIFE study have been published elsewhere. 3, 4, 9 The institutional review boards at all participating sites approved the study protocol. Written informed consent was obtained from all participants. A data and safety monitoring board that the National Institute on Aging appointed monitored the trial, which is is registered at ClinicalsTrials.gov (NCT01072500).
Measures
The 400-m walk test was administered at baseline, each semiannual follow-up visit, and a final closeout visit. We restricted this analysis to data through the Month 24 visit for illustrative purposes. Participants were asked to walk 10 laps of a 20-m course at their usual pace without sitting and without the help of another person or walker, with the goal of completing the 400 m in 15 minutes. Participants were allowed to stop for up to 60 seconds for fatigue or related symptoms for each rest stop. At baseline, as part of eligibility requirements, all participants were able to complete the 400-m walk in 15 minutes or less without assistance.
When using completion of the 400-m walk in 15 minutes or less without assistance as an outcome in aging research, there are three possible outcomes: a subject is unable to complete the test (walk the full distance) (noncompleter); a subject completes the test but requires longer than 15 minutes (failed completer); and a subject completes the test within 15 minutes (successful completer). We combined failed and successful completers as completers.
Statistical Analyses
Characteristics related to the 400-m walk for the LIFE study were summarized using means (standard deviations) for continuous variables and counts (percentages) for categorical variables. Histograms and estimated normal densities were used to examine the normality assumption of observed gait speed for noncompleters and completers, and quantile-quantile plots were generated to examine the left-censored normality assumption for each intervention group at each visit. Maximum likelihood was used to estimate the means and variances of the left-censored normal distributions.
Next we adopted the Bayesian MI method to impute 400-m gait speed for noncompleters. The technical details of the Bayesian MI method have been described in a previous publication. 7 Briefly, we assumed that 400-m gait speed data collected at 6, 12, 18, and 24 months followed a multivariate normal distribution. The 400-m gait speed for noncompleters was imputed subject to the constraint that the value was less than 0.44 m/s. All imputations were performed separately for the two intervention groups. The SAS macro used to implement the procedure is detailed in Supplementary Appendix S1.
Two different Bayesian imputation models were used. The unadjusted Bayesian imputation model relied solely on the assumption that the 400-m gait speed of the noncompleters was left-censored. The adjusted Bayesian imputation model used the baseline 400-m gait speed as a covariate in the imputation process.
Subsequently, we conducted analyses for the longitudinal 400-m gait speed data using the simplistic imputation and Bayesian MI methods. For the Bayesian MI method, analyses were performed on each of the 10 multiply imputed datasets obtained from the adjusted Bayesian imputation models. The results were then combined using Rubin's method in SAS PROC MIANALYZE for valid statistical inference. 6 In all analyses, linear mixed-effects models were fit with unstructured variance-covariance matrices. The models contained main effects for intervention assignment and visit and the intervention-by-visit interaction. Baseline 400-m gait speed was used as a covariate. Least square means were estimated for each intervention group at each follow-up visit. An example of the SAS program is included in Supplementary Appendix S2.
Finally, we conducted a simulation study to compare the performance of the Bayesian MI method with that of the simplistic imputation method. For simplicity, we used a univariate setting to evaluate bias in estimation of true mean 400-m gait speed (l). The technical details are contained in Supplementary Appendix S3. All analyses were conducted using SAS version 9.4 (SAS Institute, Inc., Cary, NC).
RESULTS
The LIFE Study Table 1 summarizes characteristics related to the 400-m walk test in the LIFE study. The proportion of noncompleters increased over time in the HE and the PA groups. In the HE group, the proportion of noncompleters increased from 7% at Month 6 to almost 17% at Month 24. In the PA group, it increased from approximately 4% to 12% over the same period. The observed gait speed of noncompleters ranged from 0.54 to 0.58 m/s, whereas the 400-m gait speed of completers ranged from 0.81 to 0.86 m/s. Noncompleters, on average, tried four to five laps, or 5 to 6 minutes. Of the 561 noncompleted 400-m walk tests from Months 6 to 24, the top three reasons why noncompleters felt they could not continue were musculoskeletal discomfort or pain in toe, foot, leg, knee, hip, or back (57%); fatigue (20%); and shortness of breath (18.5%).
Preliminary analyses indicate that the normal distributions approximated gait speed for completers fairly well (Supplementary Figure S1) . The quantile-quantile plots indicate that the assumption of a left-censored normal distribution for 400-m gait speed appears reasonable (Supplementary Figure S2 ). Next, the imputed 400-m gait speed of noncompleters from the unadjusted Bayesian imputation models was examined graphically together with the observed 400-m gait speed of completers. The quantilequantile plots indicate that the imputed 400-m gait speeds from different imputations overlap substantially (Supplementary Figure S3 ), suggesting substantial stability in the imputation process. There is a slight curvature around the lower censoring limit of 0.44 m/s. The imputed 400-m gait speed of noncompleters and the observed 400-m gait speed of completers in general conform to the estimated normal distributions. Figure 1 illustrates that the pattern of change in the modeled values of 400-m gait speed over time was similar using imputed outcome values from both methods. The simplistic imputation method consistently yields higher estimates of 400-m gait speed with smaller standard errors (SE) for all follow-up visits than the MI method. The difference in estimated mean 400-m gait speed between the two methods becomes larger as the proportion of noncompleters increases. For example, the proportion of noncompleters was small (4%) at Month 6 in the PA group. The estimated mean (SE) 400-m gait speed using the two different methods was close: 0.85 (0.004) for the simplistic method 0.84 (0.004) and for the MI method. In contrast, the proportion of noncompleters rose to more than 15% at Month 24 for the HE group. As a result, the difference between the two methods becomes larger: 0.77 (0.005) for the simplistic method and 0.73 (0.007) for the MI method. The simplistic imputation method also yielded a smaller intervention effect than the MI method at each follow-up visit and overall. For example, the mean (SE) difference in 400-m gait speed between the PA and the HE groups at Month 18 was 0.03 (0.007) using the simplistic imputation method and 0.04 (0.008) using the MI method. The overall intervention effect was 0.02 (0.005) for the simplistic imputation method and 0.03 (0.006) for the MI method.
The Simulation Study Figure 2 shows the estimated biases for the simplistic and MI estimators for the true underlying mean 400-m gait speed (l) from each simulation. The MI estimates have slightly larger variability than the simplistic estimates. The bias for the MI method was less than the simplistic imputation method for all scenarios. As expected, the simplistic imputation method tended to overestimate the true mean, whereas the MI method tended to underestimate the true mean. As the sample size increased, the bias decreased for the MI estimates but not for the simplistic estimates. As Table 1 The overall 400-m gait speed for each intervention group at each follow-up visit was estimated based on a left-censored normal distribution using maximum likelihood estimation. SD = standard deviation.
the proportion of noncompleters increased, the bias increased dramatically for the simplistic estimates. In contrast, the MI method performed strikingly well in the presence of a large amount of left-censoring. For instance, when the proportion of noncompleters (q 0 ) is 40%, the simplistic imputation method overestimated l by approximately 16%, whereas the bias was minimal for the MI method. Moreover, this simulation study allowed us to assess the bias of the simplistic imputation method roughly in estimation of an intervention effect on 400-m gait speed in a clinical trial similar to LIFE. If the intervention was assumed to reduce the presence of MMD, then the proportion of noncompleters for the control group would be higher than that of the intervention group. Figure 2 indicates that, using the simplistic imputation, the positive bias in estimation of the mean 400-m gait speed would be larger in the control than the intervention group in this situation. As a result, the intervention effect, defined as the difference in mean 400-m gait speed, would be underestimated in general. This underestimation increased markedly when q 0 in the control or intervention group was high. For example, when q 0 for the intervention and control groups are 0.1 and 0.2, respectively, the underestimation of the intervention effect is approximately 23% (Supplementary Table S1 ). The bias is as high as À47% when q 0 is 0.3 in the intervention group and 0.4 in the control group. In contrast, the bias in the estimation of the intervention effect is minimal for the Bayesian MI method, ranging from À0.01% to 1.1% in most scenarios. We did not observe inflated type 1 error rates for either method (Supplementary Figure S4) .
DISCUSSION
The LIFE study adopted a long-distance walk (400 m) test with a fixed and known time constraint (15 minutes). Inclusion of a time constraint as part of the test has important practical implications for the physical well-being of older adults. Inevitably, more older adults failed the test over time, leading to approximately 20% of participants with unobserved 400-m gait speed at some point during the course of the LIFE study.
In this study, we used a Bayesian MI method to multiply impute the unobserved 400-m gait speed of noncompleters, assuming that their explicit values were less than a fixed value (0.44 m/s in this case). This method has several advantages in handling left-censored data. It relies on the coarsening at random (CAR) rather than the MAR assumption used in standard MI procedures. 10 The CAR assumption holds in this study because there is a fixed and known lower censoring limit, making the Bayesian MI method applicable. It permits multivariate MI so that the information from the longitudinal assessments is used in the imputation process while accounting for the correlations among the repeated measures. It can easily incorporate covariates into the imputation models. After multiple complete datasets are generated, the analyses can be performed using standard statistical software packages outside of the Bayesian framework, whereas a full Bayesian approach requires extensive specialized training in Bayesian theory and computational techniques. In addition, the imputed data can be analyzed as outcome or predictor, whereas pure parametric or semiparametric approaches are best suited to handle left censoring when data are analyzed as outcomes. [11] [12] [13] [14] Most important, the Bayesian MI method yields an unbiased estimator for the mean of the assumed underlying distribution in large samples, as corroborated in the simulation study. In contrast, the simplistic estimator is generally biased, and the bias does not decrease as sample size increases. This is not surprising given that more than half of the noncompleters in the LIFE study walked at a speed greater than the limit of 0.44 m/s but failed to maintain such speed to complete the 400-m walk. Furthermore, simulation results indicate that the simplistic imputation method tends to overestimate the true underlying mean when the mean observed gait speed is higher (0.5 m/s) than the limit of 0.44 m/s. The overestimation becomes more substantial when the proportion of noncompleters is higher. Therefore, if an intervention reduces MMD, as the intervention in LIFE did, then the control group will have more noncompleters than the intervention group. Subsequently, the overestimation of mean 400-m gait speed will be more severe in the control group than in the intervention group. In a randomized clinical trial, this will result in systematic underestimation of the intervention effect.
One limitation of imputation of 400-m gait speed is that it implicitly assumes that a participant could complete the 400-m walk if unlimited time were given. In reality, a participant who is frail enough may never be able to complete the 400-m walk. This implies that the imputation of unobserved 400-m gait speed may not always be applicable, although in LIFE, the noncompleters all attempted to complete the 400-m walk to various degrees. Based on the self-reported reasons for failing to continue, it is reasonable to assume that the majority of noncompleters would have been able to complete the 400-m walk if more rest time (>60 seconds) for each rest stop had been allowed or there had not been an overall time limit. This justifies the use of the Bayesian MI method in this situation. For participants who were not able to attend clinic visits because of serious health conditions or refused to walk altogether, the basic principle of the Bayesian MI method is still applicable, although the left-censored normality assumption may need to be modified. For example, a distribution that adds a clumping of participants unable to walk any distance (zero-inflated left-censored normality) could be used to incorporate this subgroup of participants who may be fundamentally different from other participants who attempted the walk. This extension is beyond the scope of this study and is a topic for future research.
Another limitation is that the imputation depended heavily on the left-censored assumption. It is possible that some noncompleters might have been able to achieve observed 400-m gait speeds greater than 0.44 m/s had they been pushed to continue despite the discomfort that led them to stop. In this situation, an imputed value of less than 0.44 m/s will underestimate a noncompleter's true 400-m gait speed, although in practice, it is unlikely that a participant would be allowed to continue to walk if they appeared to be in distress and participant safety is of concern. Therefore, it is reasonable to impute values less than 0.44 m/s for noncompleters, keeping in mind that this leftcensoring assumption should be assessed using statistical tools.
In conclusion, researchers have long recognized the drawback of imputing a common single value for left-censored data. In this study, we showed for the first time that, when analyzing gait speed collected from a 400-m walk with a time constraint, the simplistic imputation method of using observed gait speed of the noncompleters as a substitute for 400-m gait speed is in general biased and that the bias increases as the proportion of noncompleters increases. In contrast, the Bayesian MI method is a valid and easily implemented way to address the unobserved 400-m gait speed of noncompleters in geriatric research. We hope that this article will raise awareness of the value inherent in using the Bayesian MI method in analysis of walking test data within the fields of gerontology and geriatric medicine.
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